Bamboo shoots quality determination method using EN and M.O.S sensor array optimization was studied in this paper. EN responses to winter bamboo shoots samples under different storage time were measured. Sensor loading analysis results demonstrated that sensor array optimization improved principal component analysis discrimination degree of shoots samples in different quality. Non-linear stochastic resonance was utilized for optimized EN measurement data analysis. SR signal-to-noise ratio quantitatively discriminated all samples. Winter bamboo shoots quality determination model was developed by linear fitting regression of SR signal-to-noise ratio eigen values. Validating experiments results indicated that the developed model presented a qualitypredicting accuracy of 83.3% for shoots samples.
Introduction
Bamboo, a kind plant of Poaceae subfamily of Bambusoideae plants, is an evergreen perennial herbaceous plant. It is widely planted in many countries over the world, especially in the Asian countries, such as China. [1, 2] Bamboo shoot is the young bamboo plant emerging from the ground with a height of 20-40 cm. The bamboo shoot is of abundant nutrition, and it is a kind of pollution-free food with good flavor and taste. The shoots contain rich proteins and fibers but low in fat. [1, 3] Meanwhile, the growing environment of most bamboo shoots is natural and without any pesticides. The bamboo shoots can be also processed to canned food, fermented food, and soft drinks. [4] Bamboo shoot is also a kind of traditional Chinese medicine due to their unique factors such as hypolipidemic effect, anti-diabetic activity, and anti-aging activity. [5, 6] However, the composition and the biological functions of polysaccharides extracted from the bamboo shoot shells are far from being understood. The bamboo shoots also contribute to produce active polysaccharides that could have anti-diabetic effects similar to that of some herbal medicine. [7] So far, many methods have been studied for food quality detection, such as physical/chemical examination, human sensory evaluation, and instrumentation analysis. [8] [9] [10] Physical/chemical examination (molds counts, pH, and total variable counts, etc.) objectively characterizes sample's quality according to relevant standards and protocols. But these methods present some inherent drawbacks including fuzzy operation, severe damages, and time-consuming. [11, 12] Human sensory evaluation can also judge food quality information from the aspect of sensory profiles. This method realizes the goal of non-destructive assessment, but the results are often lack of reproducibility and stability due to the interference of human factors. [13, 14] Moreover, instrumentation analysis, performed by skilled operators under laboratory conditions, depends on costly equipments. [15, 16] Therefore, traditional analysis methods are not suitable for food quality rapid analysis due to their drawbacks.
EN technique has attracted much interest of researchers in food aroma analysis. [17, 18] This technique utilizes certain sensor array to imitates human olfactory senses for sample identification or quantitative analysis. Since the analyzing object of EN system is the gases volatilized by test sample, no damage occurs towards the test samples during the whole measurement. [19, 20] EN takes unique advantages over traditional methods, such as rapid responses, and easy operation. EN is usually combined some data dimension reduction or pattern recognition methods (such as principal component analysis (PCA), partial least squares (PLS), artificial neural networks (ANN), Linear Discriminant Analysis (LDA), and cluster analysis (CA)) has played an important role for food quality rapid measurement. [21] [22] [23] The use of PCA successfully discriminated all samples according to their differences in variety and flavor. [24] Tian et al. realized the goal for pork adulteration rapid classification using a PEN2 equipment. Results suggested that improved LDA was the most effective method for feature extraction, and multiple linear regression (MLR), PLS and BPNN methods precisely predicted the pork content in minced mutton. [25] Huo et al. developed a utilized artificial nose and tongue combined with colorimetric sensor arrays for Chinese green tea variety and grade level discrimination. The application of PCA and hierarchical CA provided important technological supports for signal processing. [26] Wei et al. put forward peanuts storage quality rapid predictive method by using EN response combined with physicochemical examination. Samples with different quality levels were clearly grouped by CA and PCA. In addition, storage time and physicochemical indexes of peanuts (unshelled samples and peanut kernels) were predicted by PLSR with high forecasting accuracy. [27] However, most of these methods just provide a qualitative discrimination approach and cannot realize the goal for quantitative discrimination. [28] So, further researches are particularly needed to overcome this problem. To our knowledge, there is little information reported yet about the application of non-destructive EN technique combined with SR algorithm in quantitatively discrimination of Chinese herbal medicines according to the species and quality level.
In this research, EN technique was applied for winter bamboo shoots quality rapid discrimination. EN responses to shoots were measured. PCA and SR were utilized for EN measurement data analysis. Sensor array optimization was conducted to improve EN discrimination ability. Bamboo shoots quality detecting model was developed based on SNR eigen values. Validating experiments were also conducted to evaluate the detecting accuracy of the developed model.
Materials and methods

Raw materials and reagents
Fresh bamboo shoots were collected from an agricultural market in Hangzhou. The samples were selected in near weight, size, and harvest time. After transporting to the laboratory, 20 parallel samples were prepared. Each sample weighed 150 g ± 5 g. The samples were packaged by polythene bag. Then, all samples were stored at 90% relative humidity (RH) and 30°C to simulate moldy procedure.
Weight loss
Bamboo shoots samples were weighted by Mettler Toledo AL104 electronic balance. Weight loss was calculated as the percentage of weight reduction with respect to the initial weight in the first day.
Microbial examination
25 g bamboo shoots were aseptically weighed and homogenized with 225 ml 0.1% sterile physiological saline for 1 min. Then, serial dilution was performed by diluting the homogenized sample with 9 ml sterile saline. TVC was determined by the spread plate method. [29] Sensory evaluation Sensory evaluation towards bamboo shoots samples was performed by six experienced panelists (see Table 1 ). Voting number is set at k, k∈ (1, 10) . The samples' quality is divided into m levels, and the score of a specific level is set ath j , j∈ (1,m) . Shoots' attributes are divided into n elements, and a specific element is set at u i , i∈ (1,n) . The contributory weight is determined by pairwise comparison of contribution weight of attributes is set at x i (∑x i = 1). If there is a specific relationship between two objects of h j and u i , the relation set (matrix) of f is calculated as follows: Thus, the overall acceptability is calculated by the weight grade method as follows:
EN system
In this work, EN is designed for the experiments. It consists of three fundamental parts including data acquisition unit (U1), sensor array unit (U2), and power supply unit (U3) (see Figure 1 ). The sensor array is composed of eight metal oxide semiconductor (M.O.S) sensors with different chemical compositions and thickness to provide selectivity toward different gases. The selectivity towards volatile compound classes of M.O.S sensors is indicated by the supplier: S1 (MQ-2, propane), S2 (MQ-3, ethanol), S3 (MQ-4, methane), S4 (MQ-5, propane, butane), S5 (MQ-6, butane), S6 (MQ-7, carbon monoxide), S7 (MQ-8, hydrogen), S8 (MQ-9, methane, carbon monoxide). Each sensor is distributed in an independent sensor chamber. The sensor responses are measured as sampling voltage (V). The sensors rely on changes in conductivity induced by the adsorption of molecules in the gas phase and on subsequent surface reactions. They consist of ceramic substrate coated by metal oxide semiconducting film, and heated by wire resistor. Due to the high temperature (250-500°C), the volatiles transferred to the surface of the sensors are totally combusted to carbon dioxide and water, leading to a change in the resistance. The high temperature avoids water interference and provides sensors fast response and rapid recovery time. Polytetrafluorethylene (PTFE) material is utilized to fabricate the chamber. Each sensor room is separated, which helps to avoid the cross-influence of the gas flow.
EN measurement
EN measurement was performed under room temperature. Before EN measurement, the samples were placed in a 250 mL of erlenmeyer flask and sealed with sealing membrane for EN analysis. All samples were equilibrated for 30 min at room temperature. After turning on EN power, washing pump and valve 2 started. The sampling pump and valve 1 remained off. The air was filtered by active carbon to obtain zero gas. Sensor array was recovered by zero gas. When sensors' responses returned to the baseline, washing pump and valve 2 were shut off. Then, sampling pump and valve 1 were turned on. The gases in sample's headspace were inhaled into gas sensor chambers by sampling pump at a flux speed of 400 mL/min for 40 s. EN measurement interval was 0.05 s. EN real-time responses to samples were recorded. When measurement was over, gas sensors were recovered by zero gas at a flux speed of 1000 mL/min for 600 s, waiting for the next measurement.
Sensor array loading analysis
EN has multiple gas sensors, and each sensor has its specific response to the gases emitted by Chinese medicine samples. In medicine quality examination experiments, the influences of gas sensor array optimization to Chinese medicine quality discrimination have been carefully considered. The loading analysis of each gas sensor has been conducted. Only one of the sensors with similar loading values is kept. Therefore, the newly built gas sensor array is utilized in PCA to improve the discrimination accuracy. Loading analysis is frequently used in variable (EN measurement data) classification. EN gas sensors can be classified according to loading analysis results, which provides the basis for the sensor optimization operations. Here, coefficient of variation method is applied. In Eq. (1), x i is the measurement data of a certain gas sensor, and x is the mean value of the measurement data of this sensor. N is the length of the sensor data. If the variance coefficient of some sensors is close, then any one of these sensors can be selected as the representative to conduct the array optimization. In this work, MATLAB R2009a software is used to conduct the sensor loading analysis.
Stochastic resonance
SR is a counter-intuitive phenomenon, and it plays a positive role in a non-linear system, and has inclusive applications in the fields of signal processing. [30] [31] [32] SR phenomenon has three elements: a bistable system, an input signal and an external noise source. Usually, overdamped Brownian motion particles driven by periodic power in a bistable potential well are used to describe the characteristics of SR system.
where A is periodical signal intensity, f 0 is signal frequency, D is noise intensity, ϕ is a real parameter, ðtÞ is a Gaussian white noise, its autocorrelation function is E ðtÞð0Þ ½ ¼2DδðtÞ, andVðxÞ is a nonlinear symmetric potential function with constants m and n.
So Equation (2) can be rewritten as follows:
Nowadays, SNR is commonly applied to describe the characteristics of SR system. And here we define SNR as [33] :
where SðωÞ is the power spectral density, and S N ðΩÞ is the noise intensity in signal frequency range. EN measurement data analyzing procedures by SR method are displayed in Figure 2 . In practical analysis, the parameters of periodic signal (ψ ¼ 0、f 0 ¼ 1Hz、A ¼ 2:7) remain unchanged. And the value range of the noise intensity α is [0,300]. Bistable parameter n ¼ 1. And the value range of m is [1, 11] with a stepping of 0.1. At the same time, system output is well monitored. The value of m ¼ 4:2 can be determined when the system output SNR curve reaches its eigen maximal value. At present, the parameters of the bistable 
Statistical analysis
Each test was performed by triplicate and the result was reported by means with standard deviation. Data were subjected to one-way ANOVA analysis. The significant level was set to p< .05.
Results and discussion
Weight loss Figure 3 (a) shows weight loss index during storage. The index increased with the increase of storage time. Results indicated that moisture loss was the key factor in agro-product quality degradation. In day5, an obvious increase in weight loss was observed, indicating that the quality of the samples changes obviously in this day. Bamboo shoots texture profiles change rapidly after harvest, resulting in the decrease of water-holding ability and increase of weight loss.
Microbial examination
TVC value of shoots samples was 1 × 10 5 CFU/g in day 0 (see Figure 3 (b)). In day 4, the samples presented a TVC value of 5 × 10 5 CFU/g. Microbial index reached about 5 × 10 6 CFU/g in day5 (higher than 6 × 10 6 CFU/g), and thereby was considered not fresh.
Sensory evaluation
Sensory evaluation results are shown in Figure 3 (c). All samples had a score of 5 on Day 0, suggesting that samples were very fresh. In day 2, the preference score was about 3.8. Score 2 was set as the accepting threshold value for bamboo shoots samples. After 5 days' storage, the preference score was about 1.9, and became non-fresh. Texture properties of bamboo shoot changed continuously after harvest, such as reduction in hardness and resilience. These changes destroyed the connection between shoot meat and inside fibers, and thereby reduced the water-holding capacity of the shoot. Color index was closely associated with the inside nutrition contents. These factors were easily influenced by the storage time and the sensory index.
EN original responses and PCA results
Gas sensors are subjected to baseline drift. So, stability characterization of EN sensor array is particularly important in this research. EN responses to blank samples (zero gas) are measured during the whole experiment. Zero gas, obtained by filtering air through active carbon, is utilized as blank sample. EN measurement is performed with the formula detailed in Section 2.2. Figure 4 (a) displays the examining results on blank sample. EN gas sensors make relatively low responses towards zero gas throughout the experiment. Therefore, baseline drift effect has no significant impact on gas sensors' responses and EN system presents high stability in this research. EN sensor array original responses to bamboo shoots samples are displayed in Figure 3b and c, respectively. The gases existing in the headspace of the sample are inhaled into EN gas chamber and then sensed by the functional chemical materials on the surface of sensors. The specific absorption for specific gas species induces chemical material's change in their electrical characteristics. Gas sensors have different sensing species. Therefore, signals induced by electrical changes can be used to characterize gas concentrations. In Figure 4(b) , the initiative responses of the sensors are close to zero, suggesting that sensor array is in a clean state. With the increase of sampling time, their responses gradually grow and finally reach stable values. Sensor S1 presents the maximal stable value about 0.055 V. The stable value of S4 is about 0.049 V. S3, S5, S6, and S7 are similar, and their stable values are much lower than S1 and S4's. While the rest two sensors (S2 and S8) present relatively weak responses. In Figure 4 (c), EN original responses to moldy bamboo shoots differ a lot from the responses of non-moldy sample, especially for S4, S1, S2, S5, S6, and S3. S4 presents the maximum stable value (about 0.084 V), followed by S1 (about 0.072 V). By comparing the samples stored at different conditions, obvious mildew occurrence can be observed on the surface of samples stored at 85% RH. Although some antifungal components can inhibit fungal invasion to some extent, the mildew occurrence continuously intensifies with the increase of storage under the condition of high humidity and warm temperature. [34] [35] [36] [37] [38] During moldy procedure, effective nutritional components are decomposed and thereby some volatile gases generate, such as alkanes, alcohols, and carbon monoxide. [37, [39] [40] [41] These biochemical reactions lead to the differences of volatile gas components in herbal medicines directly. EN sensor array forms different responding signals, which constructs the analysis basis of EN.
Sensor array optimization
Loading analysis is the frequently used method for sensor contribution evaluation. It helps to recognize the contribution difference of each sensor. The larger loading value of a certain sensor, the more informative contribution of this sensor for detection. PCA results using eight gas sensors are displayed in Figure 5(a) . The contributing rate of the first principal component is 80.42%, and the contributing rate of the second axis is 7.18%. The total contributing rate of two axes is 87.6%. We can see that shoots samples from 1 day overlap with the samples from another day. Therefore, it is difficult to discriminate all shoots samples stored for different days. Loading analysis results are displayed in Figure 5(b) . The lateral axis is the first axis, and the vertical axis is the second axis. The contributing rate of the first axis is 91.63%, and the contributing rate of the second axis is 3.18%. The total contributing rate of two axes is 94.81%. According to coordinate positions of eight M.O.S gas sensors, sensor 1, sensor 2, sensor 3, sensor 4, sensor 6, and sensor 8 have better contributing rate for pattern recognition. Sensor 5 and sensor 7 present the similar properties. In order to increase the discrimination degree, signals of sensor 5 are removed from the sensor array responses. A new sensor array containing sensor 1, sensor 2, sensor 3, sensor 4, sensor 6, sensor 7, and sensor 8 is utilized for shoots quality analysis. Figure 5 (c) displays the PCA results after sensor array optimization. The contributing rate of the first principal component is 88.36%, and the contributing rate of the second axis is 4.32%. The total contributing rate of two axes is 92.68%. All shoots samples under different storage time can be clearly discriminated. Results demonstrate that sensor array optimization helps to reduce the dispersion degree of the same samples, and improve the discriminating degree of different samples. This method is effective for shoots sample discrimination.
Shoots quality discrimination
EN SNR data as function of measurement time are displayed in Figure 6(a) . With the increase of measurement time, SNR of shoots samples increases gradually, and reaches the eigen peak (maximal values). After that, SNR curves rapidly decrease. SNR curves totally discriminate all the samples under storage time.
In Figure 6 
In order to judge actual quality of stored shoots samples, human sensory evaluation has been conducted to give a reference for EN analysis results. According to human sensory evaluation results, the samples in day4 present off-flavor odors, and the color is slightly dark. The taste is obviously not pleasant. Therefore, day 4 is the threshold time for shoots samples, as shown in Figure 6 (b). 
Validating experiments
In order to evaluate the predicting accuracy of the developed model, validating experiments were conducted. Twelve shoots samples with unknown storage time were measured by EN. Equation (7) was used to compute the predicting value. Results are displayed in Table 2 . The predicting accuracy of this model is 83.3%. The developed model predicts shoots quality with a high accuracy.
From the aspect of non-destructive analysis, EN technique is successfully introduced for winter bamboo shoots quality determination. EN generates different responding signals towards the samples. Sensor array optimization improves the sample discrimination level. The optimized sensor responses are input into SR model for SNR calculation. This method realizes the goal of shoots quality quantitative determination. The method proposed in this paper avoids some disadvantages against traditional detection method, such as time-consuming, fuzzy operation, and poor accuracy, etc. In the near future, we are carrying out a long-term plan to investigate the application of this method in quality evaluation for other Chinese herbal medicines.
Conclusion
In this paper, winter bamboo shoots quality determination using EN and sensor array optimization method were investigated. EN responses to shoots samples under different storage time were measured. A new sensor array containing sensor 1, sensor 2, sensor 3, sensor 4, sensor 6, sensor 7, and sensor 8 was utilized for shoots quality analysis. Sensor loading analysis results demonstrated that sensor array optimization helped to reduce the dispersion degree of the same samples, and improved the PCA discriminating degree of different samples. Non-linear SR was used for the optimized EN measurement data analysis. SR SNR eigen values quantitatively discriminated all samples. Bamboo shoots quality determination model Time ¼ SNR max þ74:8 1:22 (R 2 = 0.98893) was developed by linear fitting regression of SNRmax values. Validating experiments results indicated that the developed model presented a quality-predicting accuracy of 83.3% for shoots samples discrimination. The proposed method provides a new way for bamboo shoot quality rapid evaluation, and is promising in agriculture quality rapid detection. No. LY19F030023). Xiaoguo Ying declares that he has no conflict of interest. Shanggui Deng declares that he has no conflict of interest. Xiaomei Yi declares that she has no conflict of interest. Jian Li declares that he has no conflict of interest. Chenning Shao declares that she has no conflict of interest. Xiaomei Yi declares that she has no conflict of interest. Yuanyuan Gao declares that she has no conflict of interest. Guohua Hui declares that he has no conflict of interest. All applicable international, national, and/or institutional guidelines for the care and use of animals were followed.
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